I. INTRODUCTION
potential is a random variable in the population of physi-
The continuing effort to create a reasonable and equitable cians; hence a random rate parameter is included in the pasolution to the problem of medical malpractice litigation has rameterization to represent physician characteristics beyond remained unsuccessful for almost an entire generation. The those included as fixed covariates in the model. This research relative failure of the tort liability system in individual states is an important contribution and sets the stage for the apto control and regulate medical malpractice law, for example, plication of other models that attempt to include such conhas led to an increased demand for federal legislation. To siderations. assure that such legislation addresses the problem directly, There are important physician characteristics known to those who formulate health policy need to better appreciate affect medical malpractice claims that do not vary over time. the nature of the individual elements within this complex For example, Charles et al. (1992) found that in addition to system (Robert Wood Johnson Foundation, 199 1). Central specialty (i.e., surgical versus nonsurgical; also see Sloan 1989 to this endeavor is a better understanding of the role of the and Brennan 199 I), age is a critically important predictor individual physician in generating medical malpractice of claims. Prospective longitudinal studies would be helpful claims. in clarifying claim vulnerability, because the putative preAre some doctors more likely than others to experience dictors of medical malpractice claims (physician and practice medical malpractice claims? If so, what personal or profes-characteristics) are not static but vary over time. sional characteristics that render them vulnerable to such One intervention designed to influence physician risk is claims can be identified? Because a medical malpractice risk management education (RME). Risk pertains to the claim is a rare event in a physician's practice, Nye and Hoff-chance of losing assets by incurring liability for injury. lander (1988) , Cooil (1991) , Rolph (199 l) , and Rolph, Courses for physicians are designed to minimize liability Kravitz, and McGuigan (1991) have attempted to refine the subsequent to injuries and to reduce the probability of inpredictive capability by proposing the application of a ran-juries occurring to patients (Ashby 1977) . A recent study by dom-effect Poisson process model. These investigators ap-Morlock and Malitz ( 199 1) found that only in-hospital RME plied a nonhomogeneous intensity model that provides a programs were related to lower numbers of claims, but there means of predicting the number of claims within a given were little data to either substantiate or disprove the widetime interval dependent on a fixed number of time-invariant spread assumption that RME programs yielded benefits in physician characteristics and a single random effect that gov-terms of a reduced number of claims filed (Kapp 1990) . erns the claim rate for a specific individual. Insurers utilizing To evaluate the efficacy of risk management courses or to this model could accurately predict and analyze an individ-assess the cumulative effect of additional courses, the comual's claim vulnerability. In this model an individual's claim parison of claim history before and after such instruction provides a more natural method of testing efficacy than does the alternative cross-sectional approach. This is particularly of claim history may be examined. Repeated malpractice claims may occur because underlying, perhaps unobservable, physician characteristics may increase the risk of a claim. The correlation over time in claim occurrence may be simply due to the fact that this underlying claim "vulnerability" is a random variable in the population of physicians. This type of malpractice "claim proneness" explanation has been termed "heterogeneity" in the econometric literature by Heckman and Borjas (1 980) . In this context, heterogeneity is modeled as a random effect that allows for variation in each physician's "threshold" or propensity for experiencing a claim over the 10-year period. The model described here examines the effects of measured and unmeasured physician characteristics on the probability of a claim in practice year t . Claim propensity is allowed to vary randomly over physicians. Because we focus on the probability of a claim in each individual year and not on the rate over T years, we can directly examine the effects of physician characteristics that vary from year to year (e.g., the effect of having a claim in the prior year on the probability of having a claim in the current year). Perhaps of greatest importance in this article is determining the effect of RME courses taken prior to year t on claim propensity in year t . In this way we compare claim-proneness before and after RME in the same physician. Using previously cited Poisson process models, we could have examined only the relationship between total amount of RME and total number of claims for the entire study period, regardless of whether or not RME preceded the claim.
This article is organized as follows. It begins by presenting the random-effects pfobit regression model and some general details of parameter estimation. Description of the data set and presentation of the principal analysis follow. Alternate model specifications in terms of prior distribution (i.e., normal versus rectangular) and response function (i.e., normal versus logistic) are then described and illustrated. Finally, the effects of subspecialties are examined.
RANDOM-EFFECTS PROBIT REGRESSION MODEL
There has been considerable interest in random-effects models for longitudinal and hierarchical, clustered, or multilevel data in the biological (Laird and Ware 1982; Ware 1985; Jennrich and Schluchter 1986; Waternaux et al. 1989) , educational (Goldstein 1987; Bock 1989) , psychological (Bryk and Raudenbush 1987; Willett 199 1) and biomedical (Gibbons et al. 1988; Hedeker et al. 1989; Gibbons et al. 1993) statistical literatures. This work cited above has focused on continuous and normally distributed response measures. In contrast, there has been less focus on random-effects models for discrete data. Gibbons and Bock (1 987) have presented a random-effects probit regression model to estimate trend in a binary variable measured repeatedly in the same subjects. Similar models based on the assumption of a logistic response function were developed by Stiratelli, Laird, and Ware (1984) , Wong and Mason (1985) , and Conaway (1 989). Using quasi-likelihood methods in which no distributional form is assumed for the outcome measure, Liang and Zeger (1986) and Zeger and Liang (1986) where xik is the unobservable "daim vulnerability" on practice year k for physician i , 0, is the random effect due to physician i, a , is the fixed effect of the physician level covariate w,,, a2is the fixed effect of the practice year level covariate w,,~, and elk is an independent residual distributed N(0, a 2 ) . As such, a case in this regression model is a physician practice year; physician i contributes n, cases. Again, p, is considered to be a coefficient for the random physician effect, and the assumed distribution for 0 is N ( P , a;). This random effect represents the level of heterogeneity for physician i . With the foregoing assumptions, the ni X 1 vector of practice year claim vulnerabilities for physician i, x,, are multivariate normal with mean G(xi) = l i p + W i a and covariance matrix Y (x,) = a;1,1: + U~I~, where li is an n, X 1 unity vector, I, is an ni X ni identity matrix, a is the p X 1 vector of covariate coefficients, and W, is the ni X p covariate matrix.
To relate the manifest dichotomous response with the continuous latent claim vulnerability x,k, Gibbons and Bock (1 987) utilized the "threshold concept" (Bock 1975, p. 5 13) . This concept assumes that the underlying variable is continuous and that in the binary response setting, one threshold value ( y ) exists on the continuum of this variable. The presence or absence of at least one claim in practice year k for physician i is then determined by whether or not claim vulnerability exceeds the threshold value. When the claim vulnerability exceeds the threshold, a positive response is given (coded y,k = 1); otherwise, a negative response is given (yik = 0). In the following analysis, yik = 1 if one or more claims were made in practice year k for physician i.
The use of the threshold model allows the expression of probability of a claim in terms of the value 1 -(P(zk); that is, the area under the standard normal distribution function above the point zk, where zk is the normal deviate given by ( 0 + alwl + a2wzk-y ) / a . Additionally, the origin and unit of z may be chosen arbitrarily; so for convenience, let a = 1 and y = 0. Then the probability of a particular pattern of claims (over ni practice years) for a given physician i, denoted yi, is the product of the probability of each of the ni binary responses-namely, --
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Thus the marginal probability of this pattern is given by where l(yl IP, a ) is given in (2) and g(P) represents the distribution of p in the population-namely, a normal distribution with mean y and variance a;. The parameters p and a; are estimated from the data.
Orthogonalization of the Model Parameters
In the estimation of parameters for the random-effects probit model, Gibbons and Bock (1987) orthogonally transformed the response model to use the marginal maximum likelihood estimation procedure for the dichotomous factor analysis model discussed by Bock and Aitkin (1981) . Orthogonalization can be achieved by letting b = a66 + p , where aa is the standard deviation of P in the population.
The reparameterized model is then written as and the marginal density becomes (4) where g (0) represents the distribution of the 6 vector in the population; that is, the standard normal density. The loglikelihood for the patterns from the N physicians can be written as
1 and the likelihood equations for an arbitrary parameter vector q are
Solution to the Likelihood Equations
One approach to solving the aforementioned likelihood equations involves numerical integration. Because the assumed distribution of p is normal and the distribution of 6 is standard normal, Gauss-Hermite quadrature can be used to approximate the integrals to any practical degree of accuracy. In Gaussian quadrature, integration is approximated by a summation on a specified number of quadrature nodes Q for each dimension of the integration. Integration terms are then evaluated at these quadrature points and multiplied by corresponding quadrature weights. For the standard normal univariate density, optimal points and weights, denoted B, and A(Bq), were given by Stroud and Sechrest (1 966) .
The derivatives are now approximated as Fisher's method of scoring can be used to provide estimates using these approximated derivatives. In practice, a vector of 1s is appended to a to estimate p. This approach contrasts with previous work (see, for example, Stiratelli et al. 1984; Wong and Mason 1985) in which the integrals in (6) were approximated by a multivariate normal distribution with the same mode and curvature at the mode as the true posterior.
An advantage of numerical integration is that a normal prior distribution for the random effect(s) is no longer required, and the assumption of normality and its influence on the structural effects of interest can be empirically tested (e.g., comparison of a normal versus a rectangular prior). The major disadvantage is that as the number of random effects increases, so does the dimensionality of the integral in (6); thus this approach is computationally restricted to problems with small numbers of random effects (i.e., 5 or less). This is not a problem in the present context, where the physician is the only random effect in the model (i.e., the effects of sex, age, specialty, and risk management training are considered fixed and do not vary systematically over individual physicians). Anderson and Aitkin (1985) have developed a similar model for examining interview variability that utilizes numerical integration to obtain maximum likelihood parameter estimates.
Estimating Claim Vulnerability
In some cases it may be desirable to estimate the level of the random effect, PI, for a particular physician. A good choice for this purpose (Bock and Aitkin 198 1; Gibbons and Bock 1987 ) is the expected a posteriori (EAP) value (Bayes estimate) of 6, ,given the claim history vector yl and covariate matrix W, of physician i:
Similarly, the posterior standard deviation of hi, which may be used to express the precision of the EAP estimator, is given by These quantities can be evaluated using Gauss-Hermite quadrature as previously described. Estimates of Pi can be recovered by pl = Gp81 + b, using the marginal maximum likelihood estimates of the parameters. Because the prior distribution g ( d ) is normal, these linear transformations of EAP estimates are also EAP estimates. The probability of a claim for a physician with claim history vector yi and covariate vector wik is, therefore, 1 -@(pi+ ~{~i i ) .
All computations described here were performed using the computer program MIXOR (Hedeker 1993) , which is available from the National Institutes of Mental Health, Division of Services Research. Convergence was generally obtained in 10 iterations, which required approximately 10 minutes on a 486, 50 MHz DX computer running under MS-DOS 5.0. No computational problems were encountered.
DESCRIPTION OF THE DATA SET
The study sample consisted of 1,903 physicians representing 16,083 practice years. The data set consists of all Oregon physicians who were insured between 198 1 and 1990 inclusively by the CNA Insurance Company under the sponsorship of the Oregon Medical Association's (OMA) Physician Protection Program. Because the OMA's malpractice claims database could be tied to its membership database, accurate data on each physician's age, gender, specialty, and dates of attendance at four different and sequential OMAsponsored risk management courses during that decade were readily available.
The population of OMA-sponsored insured physicians remained relatively constant during this time period. Missing data in this study are due to physicians changing insurers, moving out of state, dying, or retiring, or to new physicians coming into the program. Although approximately eight to ten physicians in the state lost their medical licenses during this period, we have no indication that our missing data include members of this group.
Since 1979, physicians have been granted a 3-year premium discount of 7.5% per year for voluntary participation in RME. Approximately 98% availed themselves of the opportunity. Since 1987, participation has been mandatory (on a 3-year cycle), and the discount remains. The fact that some physicians in the study have had no RME exposure is a function of them having entered and left the program during the 3-year cycle, thereby missing the opportunity to take the basic RME course.
For the purpose of this study, the data on which a claim arose is the date of the alleged injury, as distinguished from the date when the physician reported it to the liability insurance carrier. Relating the date of injury to the date when the RME course was taken more accurately reflects the relationship of the claim to the educational intervention.
PRINCIPAL ANALYSIS
In the present context of predicting medical malpractice claims, we considered a model with a single random effect that governs the underlying claim vulnerability of physician i. This model is referred to as the random intercept model. In terms of overall trends over time, it is possible that an overall shift in claim incidence has occurred over the 10-year period; therefore, we included a linear time trend as a fixed covariate in the model. In addition, based on the previous work of Charles et al. workers (1 992), we also included the fixed effects of physician sex, age, and specialty (i.e., surgical = 1 versus nonsurgical = 0). The linear effect of age on claim incidence was examined, and age was treated as a time-varying covariate. In this way, the direct effect of the physician's age on claim risk, not a cohort effect, could be evaluated. Finally, the cumulative linear effect of risk management education (i.e., number of courses taken up to year k), was also included as a time-varying covariate.
Results of applying the random-effects probit model to the 10 years of malpractice data, along with parameter estimates and standard errors for each of the effects in the model, are displayed in Table 1 . The ratio of maximum likelihood parameter estimates to their standard error has an asymptotically normal distribution; therefore, the " p value" for the null hypothesis that the coefficient equals 0 can be obtained from the corresponding normal tail probability, which are the values displayed in Table 1 .
Inspection of Table 1 reveals the main effects of year (i.e., claim incidence significantly decreased over the period, from .093 in 1980 to .058 in 1989), sex (i.e., women physicians were less likely than men to have a claim, .038 versus .081 per year), age (i.e., risk increases with age), and specialty (i.e., physicians in surgical specialties were more likely to have a claim; .lo5 versus .056). With respect to RME, a significant age-by-RME interaction was observed, indicating that as physicians age, they benefit from RME courses more than when they were younger; however, this interaction was not significant following the addition of other explanatory variables to the model (see the following sections). Table 1 also reveals that the first RME course is associated with an increase in the likelihood of malpractice claims. This somewhat odd result is further explicated by examining individual specialties in Section 6.
The standard deviation due to the random physician effect (i.e., heterogeneity) was = ,110, which corresponds to an intraclass correlation of ,099, or approximately 10% of the total variation.
One effect not tested in this model is whether the effects of RME are different based on prior claim history. To examine this question, a time-varying covariate was constructed having value 0 or 1, depending on whether or not a claim had been made prior to that year. Both the main effect of prior claim (MLE = .2597, SE = .0498, p < .0000) and the linear RME by prior claim interaction (MLE = -. 1277, SE = .0406, p < .0017) were significant. These results indicate that physicians with prior claims are at increased risk of future claims (a result that is consistent with the nonzero random effect) and that the effect of RME depends on prior suit history. Further analysis by specialty explicates this association (see Sec. 6). Table 2 indicates that having a claim immediately prior to the current year produced one of the greatest increases in claim incidence in the current year. Adding prior year claim history to the model that included any prior claim did not, however, produce a significant improvement in fit of the model to the observed data. Observed proportions in Table  2 also reveal that the effect of RME is quadratic, with increases in claim risk seen following one or two RME courses but decreasing somewhat after three RME courses. Addition of a quadratic term in the model produced a significant improvement in fit (x: = 9.4, p < .0022), but the quadratic term was not involved in the interactions with age and prior claim histo6 (x: = 5.1, p < .08). Similarly, Table 2 also reveals that the effect of age is also quadratic, in that observed claim incidence is highest between age 40 and 60. Addition of a quadratic age effect into the model produced a significant improvement in fit (x: = 5.0, p < .0253). Interestingly, with the addition of prior claim history and the quadratic effects of age and RME, the RME-by-age interaction was no longer Association, September 1994 significant. Parameter estimates, standard errors, and associated significance levels for the final model are presented in Table 3 .
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ALTERNATIVE RESPONSE FUNCTIONS AND PRIOR DISTRIBUTIONS
The numerical solution to the likelihood equations provided here makes it possible to substitute any distribution for the previously assumed normal prior distribution for claim vulnerability, requiring only a suitable set of nodes and weights for the quadrature. For example, a uniform or rectangular prior distribution could be used by selecting Q equally spaced points between -4 and 4 and selecting uniform weights 1 / Q . This rectangular prior provides a good check on the dependence of the solution on the assumption that claim vulnerability is normally distributed in the population of physicians. Applied to these data, the log-likelihood decreased slightly from -4,180.26 to -4,18 1.27. Parameter estimates were virtually unchanged, except for the randomeffects variance term, which decreased from .2724 to .0880. These results suggest that the normal prior is a reasonable choice, but that results regarding structural effects show some robustness to specification of the prior distribution.
Selection of a normal response function may also be changed. A common choice is the logistic distribution (Stiratelli et al. 1984; Wong and Mason 1985) . In this case, the claim probability is
( 1 1) As in the normal case, we let y = 0; however, the residual variance is now ~~1 3 .
Application of the logistic response function is attractive here, because there is greater tail probability consistent with an overall yearly claim rate of approximately 5%. Results of applying the logistic response function with a normal prior distribution to these data (using the final parameterization given in Table 3 ) revealed a slight decrease in log-likelihood from -4,180.26 to -4.180.39. Parameter estimates are now in a different metric; however, ratios of estimates to their standard errors, signs, and substantive interpretations were unchanged (Table 4) . These results are encouraging, because they demonstrate that the parameter estimates and fit of the model are reasonably robust to model specification.
SPECIALTY EFFECTS
To this point the results indicate that overall, taking one or two RME courses increases the likelihood of a claim. One possible explanation is that this result could have arisen due to the omission of specialties from the analysis. After reviewing previous studies (Brennan et al. 199 1 ; Kravitz et al. 199 1; Nye 1988; Rolph 199 1; Sloan et al. 1989) , we assigned study subjects to one of eight specialty designations: (1) anesthesiology (anesthesiology and obstetrical anesthesiology); (2) radiology (diagnostic radiology, therapeutic radiology, ultrasound); (3) obstetrics (obstetrics and obstetrics and gynecology); (4) primary care (family practice, general practice, internal medicine, pediatrics); (5) medical subspecialties; (6) surgery (general, all subspecialties exclusive of group 7); (7) special surgery (neurosurgery, thoracic, cardiac, orthopedics, vascular, sports medicine); or (8) all other specialties.
The same model was used as in Table 3 , except that seven contrasts between the eight specialties replaced the 1 degree of freedom contrast between surgical and nonsurgical specialties. Note that apart from the intercept and specialty terms, the other coefficients displayed in Table 5 changed very little from the analysis with a single dummy-coded specialty (see Table 3 ). Table 5 reveals a considerable difference among the specialties in claim propensity; however, accounting for these differences does not change the positive association between RME courses and increased risks, at least for one or two courses. The effect of prior claims on the beneficial effects of RME courses is also unchanged with the addition of specialty into the model. To further highlight this association at the level of specialty, Table 6 presents observed claim incidence, overall as well as claims resulting in payout, for each specialty before and after the first claim as a function of number of RME courses. Table 6 reveals that prior to the first claim, RME courses have limited effect, and that for most specialties, the likelihood of a claim increases after one course. Following an initial claim, the overall claim incidence dramatically increases, however, and RME courses now appear to decrease claim incidence for anesthesiology, radiology, obstetrics, and other specialties. The effects for anesthesiology and obstetrics are reflected in a decrease in payouts as well.
Inspection of
DISCUSSION
The statistical model developed here provides a new approach to the analysis of longitudinal binary data, of which the medical malpractice claim data described here provide an excellent example. The random-effects probit model provides considerable flexibility in terms of permitting varying numbers of measurements per subject, inclusion of timevarying and time-invariant fixed covariates, and a method by which effects of varying physician vulnerability can be estimated. EAP estimates of person-specific effects can in turn be estimated following estimation of model parameters. These estimates and their corresponding standard errors may be useful in predicting future medical malpractice claim incidence for a given physician.
In terms of medical malpractice claims, the results of these analyses revealed that being male, working in a surgical specialty, and having a prior claim history are associated with increased claim vulnerability. In terms of RME, there appears to be minimal benefit, except perhaps for obstetricians and anesthesiologists who have had a prior claim.
In terms of the random effect, the within-physician correlation was r = .099, indicating that claim incidence is modestly correlated within individual physicians, presumably because of personal characteristics and/or practice behaviors that increase their vulnerability to claims.
A major limitation of the model developed here is that it is capable of modeling only the presence or absence of a claim in each time interval, regardless of the actual number of claims during the interval. In the present application this is not of major consequence, as the incidence of two claims in 1 year was 0.4% and the incidence of three claims in 1 year was only 0.04%. These rates are out of a total of 16,083 physician practice years. Had the incidence of multiple yearly claims been larger, however, a random-effects ordinal probit model (Hedeker and Gibbons 1994) could have been used missing data are not completely explained by the covariates, to preserve the ordinal nature of the yearly claim incidence then the quasi-or partial-likelihood approaches become even data. In this case, separate thresholds between each yearly more restrictive than the full-likelihood procedure described claim frequency (i.e., 0-1, 1-2, and 2-3) would be estimated here, in that consistency of the quasi-likelihood estimates is and covariates modeled in terms of their relationship to in-now guaranteed only if the true correlation among repeated creasing number of yearly claims instead of simply the pres-outcomes is known for each subject. This information, of ence or absence of a claim. course, is never available. But because missing data are typSome discussion of missing data is appropriate. The model ically related to the age of the physician and age is an imdescribed here, as well as the other full-likelihood approaches portant covariate, these models may have application here (see, for example, Stiratelli et al. 1984 and Wong and Mason as well. 1985) , are appropriate under the assumption of "ignorable This model offers a new resource in estimating the vulnonresponse;" that is, missing data are ignorable as long as nerability of a given physician to a malpractice claim. In they are explained by terms in the model and/or the available addition to being male, being a surgical specialist, and having outcome data for each subject (see Laird 1988) . In the present a prior claim history, this research suggests that the effect of context, missing data arise either from physicians who began RME on subsequent claims and payouts has stronger effects practicing after 198 1 or retired or moved out of Oregon be-for some specialists than for others. fore 1990. In this case, ignorable nonresponse implies that Of all specialists, obstetrician-gynecologists and anesthethe observed yearly claim rate would have been observed siologists who have had a previous claim appear to benefit had the physician begun practicing earlier or postponed re-most, in that an increased number of RME courses for these tirement. Given that in most cases missing data are restricted physicians is associated with decreased claim vulnerability to a few years, the assumption seems reasonable (i.e., distri-and decreased payout. Risk management efforts for both bution of unobserved outcomes is known conditional on these groups is often focused on the appropriate use of mondistribution of available outcomes). It should be noted, itoring and the introduction of checklists to be applied in however, that some alternative approaches, such as the quasi-specific instances. The use of these devices and forms delikelihood approach of Liang and Zeger (1986) and Zeger creases both incentives to pursue claims and the likelihood and , assume no distributional form for the of payouts, because they fill a previous void in documentation outcome measures and thus can be applied to a wide variety of patient care. This deprives the plaintiff lawyer of the arof data (i.e., binary, ordinal, and continuous). The disad-gument that inadequate monitoring during a surgical provantage, however, is that missing data are ignorable only if cedure or throughout a pregnancy led to a bad outcome. they are completely explained by the covariates in the model. Proof to the contrary is in the medical record for the jury to Because no distributional form is assumed for outcomes, see. Such strategies may be easier to implement and control distribution of the missing data conditional on the observed than other physician behaviors. outcomes is unknown and thus cannot be used to justify Although RME does not reduce the vulnerability to claims statistical inferences in the presence of missing data. If the of physicians who perform special surgery, it does appear to be associated with slightly fewer payouts. The failure to positively influence claim vulnerability in this group may be a function of the nature ofthis specialized surgical work rather than of the quality oftheir work per se. The fact that payouts are decreased, although less so than for anesthesiologists and obstetrician-gynecologists, lends some credence to the contention of many risk managers that even though RME may not prevent claims, it may equip the physician to be a better defendant in the event of a claim.
Among all groups of specialists, prior to their first claim, risk increases after one RME course. This may well be a result of the fact that with increasing years in practice, one's exposure increases with an increased number of patients and the consequent increased chance of a negative outcome. This suggestion is supported by the finding that the peak years of vulnerability to risk are between age 40 and 60. Before age 40, exposure is limited; after age 60, many physicians alter their practices, reducing exposure.
A subsequent result of this study is that a claim in the previous year doubles not only the likelihood of a claim in the following year (from .07 1 to .142; see Table 2 ), but also thedkelihood that the claim is associated with a payout (from .022 to .049; see Table 2 ). Strategically focused and specialty specific RME courses taken shortly after a claim may well exert a positive benefit on subsequent claims and payouts. [Received Augttst 199 1. Revised December 1993.1 
